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Resumo
A computação móvel tem sido uma área com um crescimento progressivo nos últimos anos,
sendo a manifestação mais prevalente através de dispositivos como smartphones ou tablets. Estes
fornecem vários tipos de benefícios aos seus utilizadores em várias áreas. Algumas destas podem
consistir na saúde ou bem-estar dos seus utilizadores.
Devido à prevalência da doença de Parkinson na população portuguesa, é necessário investigar
e desenvolver ferramentas para o tratamento desta desordem de modo a fornecer às pessoas que
sofrem desta doença uma melhor qualidade de vida.
Esta dissertação pretende fornecer a pacientes com a doença de Parkinson uma maneira de
corrigir e melhorar o seu movimento através do uso de guias sonoros, usando auriculares ligados
a um smartphone.
Neste documento, o estado da arte das áreas de estudo nas quais esta solução aborda e a
metodologia adotada para a implementação desta solução, por intermédio de uma aplicação Android,
serão apresentadas.
Um conjunto de dados, provenientes ambos de vídeos e de sensores, referentes a 7384 passos,
o que corresponde a 66 minutos de marcha de pacientes com a doença de Parkinson, foi recolhido
e validado. O detector de passos teve um erro médio absoluto percentual de 1.85% e o estimador
de comprimento do passo, quando calibrado, teve um erro médio absoluto percentual de 5.26%.
Os resultados sugerem que os submódulos de síntese de som e de música desenvolvidos pare-
cem ser alternativas promissoras aos estímulos sonoros tipicamente utilizados na reabilitação da
marcha de pessoas com a doença de Parkinson.
Palavras-chave: Doença de Parkinson, smartphone, android, sensores, fusão, análise da mar-




Mobile computing has been a field of ever increasing growth in the past few years, being the
epitome of it nowadays devices like smartphones or tablets. These provide all kinds of benefits for
their users in different ways. Several of these might be directed towards the healthcare or wellness
of their users.
Given the prevalence of Parkinson’s disease in the Portuguese population, it is necessary to re-
search and develop tools for the treatment of this disorder, in order to provide the people suffering
from this ailment a higher quality of life.
This dissertation aims to provide Parkinson’s disease patients with a way to correct and en-
hance their walking through the use of auditory cues, using a headset connected to a smartphone.
In this document, the state of the art of the intervening fields of this solution and the methodol-
ogy adopted for the implementation of this solution as an android application will be showcased.
A dataset of sensor and video data of 7384 steps, which corresponds to 66 minutes of persons
with Parkinson’s disease walking, was collected and validated. The step detector had a mean
absolute percentage error of 1.85% and the step length estimator, when calibrated, had a mean
absolute percentage error of 5.26%.
Results suggest that the developed sound synthesis and music synthesis submodules seem to
be promising alternatives to the auditory cueing typically employed in the rehabilitation of the gait
of Parkinson’s disease patients.
Keywords: Parkinson’s disease, smartphone, android, sensors, fusion, gait analysis, process-
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Smartphones are increasingly more available and used by an ever increasing number of people [1]
due to the capabilities they possess, like a high processing power and storage capacity, connectivity
solutions like Wi-Fi or Bluetooth, capacitive screens that allow for a user to interact with these
devices by pressing on the screens themselves and others.
These lead to a general increase in the Quality of Life (QOL) of the users. One of the ways that
QOL can be improved is through the use of applications focused on the healthcare and wellbeing,
thus turning smartphones into personal health systems that are easily portable [2].
These can be especially useful for the treatment of the motor symptoms of people suffering
from Parkinson’s Disease (PD), a degenerative disorder of the central nervous system which causes
physical impairment, being the most evident motor related symptoms shaking, rigidity, slowness
of movement and difficulty with walking and an abnormal postural balance. These symptoms are
frequently the cause of falls, which may lead to fractures or even death, thus increasing the costs
in a national health service [3].
A way to reduce gait variability on People with Parkinson’s (PWP) is through the use of
Rhythmic Auditory Stimuli (RAS), as evidenced by several studies that have been performed
[4, 5, 6] and, due to the fact that the use of a smartphone and a headset connected to it is not
awkward for the user and for the people surrounding him, it is possible to implement a relatively
hidden and effective system that deals with this problem [7].
Recently, the Michael J. Fox Foundation for Parkinson’s Research has issued several kinds
of challenges targeted towards scientists and software developers, being the most recent one a
challenge in which the purpose is to measure the symptoms associated with PD with a smartphone





This dissertation was developed in Fraunhofer Assistive Information and Communication Solutions
(AICOS) and its focus was the exploitation of RAS in order to enhance or correct the gait of PWP.
This was done through the processing and analysis of the data incoming from the motion and po-
sition sensors embedded in an Android based smartphone, in order to analyze the gait of PWP and
estimate spatio-temporal parameters from it and to detect symptoms of PD. The spatio-temporal
parameters were then used to modulate the RAS played by the smartphone.
1.3 Objectives
The main goals for this topic are:
• Develop a system able to detect movement measures and symptoms in real time based on
the information of the smartphone’s sensors.
• Investigate the kinds of rhythmic auditory stimuli most apt for Parkinson’s disease patients,
according to the symptom they are experiencing and if it is desirable to either maintain or
enhance their pace.
• Investigate the feasibility of using music (that is, rhythm and melody and/or harmony) as an
auditory stimuli for Parkinson’s disease patients.
• Develop algorithms to adapt the characteristics of sounds (including the rhythm and melody
and/or harmony) to the specific needs of each user in each situation.
• Develop the system as an Android application.
1.4 Report Structure
Apart from this chapter, this dissertation has the following chapters:
• Chapter 2: Background and the State of the Art - Deals with the background and the state
of the art of the topic in hand.
• Chapter 3: Methodology - Showcases the methodology employed for the development of
this project. This includes the tools that were used, the implementation of the application
and its respective modules and a description of the tests that were performed.
• Chapter 4: Tests and Results - Presents the results from the tests performed with the patients.
• Chapter 5: Conclusions - Presents the conclusions and insights obtained during the devel-
opment of this thesis and possible future work.
Chapter 2
Background and State of the Art
This chapter showcases the main concepts and ideas that are involved in this project and the state
of the art of the intervening fields.
2.1 Parkinson’s Disease
Parkinson’s Disease (PD) is a neurodegenerative disorder caused by the depletion of the dopamin-
ergic neurons located in the substantia nigra, which cause lower levels of dopamine in the basal
ganglia. This leads to a dysfunction of the basal ganglia, which is associated with the motor control
of the human body [10].
There is no know cure for this disorder, but there are several types of therapy that allows
the minimization of the motor and non-motor symptoms of PD. The pharmacological based ones
involve the administration of levodopa/carbidopa in order to compensate for the lack of dopamine
in the PWP’s basal ganglia [11]. Usually a PWP is said to be in the "ON" state when he is under
the influence of this dopamine-regenerative medication and in the "OFF" state when the effect of
the medication has worn off.
The most typical motor symptoms associated with PD consist of not being able to spon-
taneously move (akinesia), an impaired balance and coordination (ataxia), slowed movement
(bradykinesia), reduced movement (hypokinesia), involuntary movement (dyskinesia) and rigid-
ity. The most notable ones are bradykinesia and dyskinesia. The presence and severity of these
symptoms vary with the evolution of the disease, its progression and, also, from each PWP to
another.
Bradykinesia consists in a lowered speed at the initiation of a certain movement and a pro-
gressive reduction of initial speed during repetitions of the same movement, which can lead to a
complete stop of the movement. One of the activities where this symptom is more identifiable is
during walking movements, since this symptom directly influences the step length and other gait
parameters.
Dyskinesia, as a symptom, ranges from a slight tremor of the hands to uncontrollable move-
ments of the torso, thus it is most commonly manifested in the upper body. It usually appears as a
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consequence of a chronic levodopa treatment during several months or years. Also, this symptom
can be classified as choreic or dystonic. Choreic movements are involuntary spasmodic twitch-
ing or jerking in muscles with no intention of performing a movement. Dystonic movements are
defined as contractions in muscle groups that lead to abnormal postures in the PWP.
A not so typical, but actually one of the most disabling symptoms in PD is the Freezing Of Gait
(FOG), which is the temporary inability of performing steps that lead to an actual displacement.
FOG is mostly manifested during step initiation and turning, but also in the presence of obstacules
or doorways [12]. It usually occurs in a more advanced stage of this disease and its occurrence is
almost certain when the PWP is in the "OFF" state [13].
Chen et al. recommends the use of therapy and other form of treatments for PD in order to
complement and minimize the need for medication [12].
2.2 Rhythmic Auditory Stimuli
Rhythmic Auditory Stimuli (RAS) is a form of neurological music therapy whose effects have
been analyzed and validated for correction of the festination in PWP and there is a general agree-
ment concerning the potential of it [14]. It has been shown that this type of cueing, compared to
approaches that use visual cues, haptic cues or a combination of visual and auditory cues, pro-
vides better results [15, 16]. Baker et al. demonstrated that the previously mentioned strategies
contribute to the improvement of the gait variability in PWP, thus the possibility of reducing the
attentional cost of walking in PWP [5].
The biggest benefits that arise from the use of RAS and its variants are the improvements in
stride length, cadence and gait velocity. The improvements that arise from the use of this type
of stimuli have been found to be bigger when the PWP are in the "ON" state, concerning their
dopaminergic medication [14]. The reason this kind of neurological music therapy works is due
to the fact that it activates the putamen, a part of the basal ganglia which is fundamental for the
processing of beats and rhythms in the human brain [17]. RAS entrains the body’s motor rhythms
in virtue of the the neural connections between the areas of the human brain responsible for human
listening and movement [18].
Besides the use of rhythmic sounds, several authors have assessed whether the use of music
could also have therapeutic benefits. Pacchetti et al. found that the use of active music therapy,
a methodology where the therapist and the PWP engage actively in the creation of music, eased
the motor changes caused by bradykinesia [19]. DeDreu et al. found that music based movement
therapy not only elicits a positive physical response on the PWP but also an emotional response
[20].
RAS have been usually employed through the use of a metronome or of music with an em-
bedded metronome pulse. The tempo on which these are employed is typically matched to the
baseline cadence of the PWP [14].
Mendonça et al. [21] assessed the effect of instructing subjects on how to follow RAS while
walking in a treadmill. It was found that only the group of subjects that were instructed to follow
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the RAS actually matched their gait with the RAS, hence revealing the importance of intention in
the instructions to be given to the subjects.
2.3 Gait Analysis
In order to analyze the effects of RAS in the PWP’s gait, it is necessary to perform an analysis of
their gait in order to quantify the differences between the use and non use of RAS. This type of
analysis is, often, focused towards the unit of gait named gait cycle, or stride [22], which is the
sequence of events performed by the lower limbs between a foot contact and the next foot contact
with the same foot.
A gait cycle can be divided into two phases, the stance and swing phases. These correspond
to, in healthy people, respectively about 60% and 40% [22]. These in turn can be divided into
three functional tasks. Weight acceptance and single support occur during the stance phase and
the limb advancement occurs, mainly, in the swing phase [22]. The initial contact and pre-swing
correspond to, respectively, the heel strike and toe-off events. During the stance phase, there are
two time intervals when both feet are on the ground, which are called double support. Both of
these are limited by the initial contact of a foot to until the pre-swing of the opposite one. Figure
2.1 showcases an illustration of the gait cycle.
Figure 2.1: An illustration of the gait cycle and its respective phases and events. Figure from [23].
From the analysis of this cycle, it is possible to extract several spatio-temporal measures.
Concerning the temporal ones, one is the stride time, which is defined as the time difference
between the initial contact of a foot until the next initial contact with the same leg. Step time is the
time difference between the initial contact of a foot until the initial contact of the next foot. The
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cadence of gait can be expressed through strides per minute or steps per minute. For the spatial
ones, there is the stride length and step length which correspond to time frame previously defined
for the stride time and step time. With the previous lengths, it is possible to obtain the gait velocity,
which can be defined either as meters per minute or meters per second.
Ziljstra et al. [24] modeled the displacement of the pelvis, and then validated with healthy
subjects walking in a treadmill, through the use of mechanical and geometrical models of the
human body’s Center Of Mass (COM). They found that the vertical displacements could be pre-
dicted by two different inverted pendulum models. These allow to determine the amplitude of
the vertical displacements only through the stride length. Furthermore, according to these mod-
els, a maximum vertical position is reached during the middle of the single support phase and a
minimum occurs in the middle of the double support phase. Concerning the anteroposterior (AP)
displacement these were predicted by, assuming that the maximal of potential and forward kinetic
energy of the body are equal, using the calculated vertical displacement, according to one of the
previously mentioned models, to determine AP displacement. Through this model, the maximum
vertical position should match with a minimal forward velocity and the minimum vertical position
should match with a maximal forward speed. To model the mediolateral (ML) displacement it
was assumed that the stride width (distance between the foots while walking) is approximately
constant and that ML trajectory of the body’s COM during walking is approximately sinusoidal.
Then, the prediction of the ML displacement depended only on the stride frequency (inverse of
the duration of a complete gait cycle).
In another article, Ziljstra et al. [25] obtained spatio-temporal gait parameters and performed
step detection from the trunk accelerations of the human body, by using estimators based on the
modelization of the human body’s COM previously done in another article [24], through the use of
a single triaxial accelerometer placed at the dorsal side of the trunk. Observations about the trunk
acceleration patterns also emerged from this study. It was found that, for the AP accelerations, a
peak acceleration corresponded to a heel strike and that, shortly after this peak, a peak deceleration
occurred. When it comes to the ML accelerations, the highest accelerations occurred around the
heel strike instant and if it was done with the right foot there would be a short peak acceleration
to the right and vice versa for the left foot. Finally, the vertical accelerations exhibited a more
complex pattern than expected through an inverted pendulum model. A peak acceleration occurs
shortly after an heel strike and an indention, which corresponds roughly with a toe-off event, was
observed in most subjects in a time range approximately 5% to 15% of the gait cycle. It was also
stated that, due to the fact that the employed estimators and the inverted pendulum model from
which they were based on assume that the walking motion occurs in a straight line, the results can
be influenced if the subjects walk with sharp turns or abruptly change their walking speed.
Antonsson et al. found, while analyzing the frequency content of the accelerations associated
with the human gait, that 99% of the power spectrum is below 15 Hz, which means that a bare
minimum sampling frequency of 30 Hz is necessary, according to the Nyquist theorem, in order
to properly reconstruct and then analyze the sampled signals [26].
Dijkstra et al. evaluated the feasibility of using body-fixed devices in older adults and PWP to
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detect accurately the number of steps during walking periods through a pedometer and a triaxial
accelerometer positioned in the lower back of the subjects. It was found that the accelerometer
was less dependent on the subject’s speed and worked best while walking straight-line trajectories
of 5 meters and longer [27].
Jahn et al. analyzed several step length estimation algorithms, developed from biomechanical
models or empirical relationships, based in accelerometers placed in several locations of the human
body and concluded that the biggest source of errors were due to the accelerometer bias and user
calibration. Also, the values that should be used for the user calibration should be acquired through
several runs in order to obtain better results. In addition, the mounting point of the accelerometer
had a negligible effect on the performance of the studied estimators [28].
For the particular case of PWP, Latt et al. [29] analyzed the acceleration patterns of the head
and pelvis, during normal walking, in healthy older people and PWP that do not and usually fall.
They found a difference in the upper body acceleration patterns between these 3 groups. An
excerpt of the gathered accelerations can be seen in figure 2.2.
Figure 2.2: Example of accelerations, during a 5 second walking movement, gathered in the head
and pelvis of healthy persons, PWP that do not and usually fall. The vertical scale is expressed in
units of gravity (g). V = vertical; AP = anteroposterior, ML = mediolateral. Figure adapted from
[29].
Kaipust et al. [30] proposed that the goal of gait rehabilitation should be, not to necessarily
improve spatio-temporal gait parameters but, to restore optimal gait variability(a balance between
predictability and stability) on people with gait problems. This is based on the theory of optimal
movement variability, which states that there is an optimal level of complexity associated with
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healthy gait. Furthermore, they investigated the effect of using a metronome, white noise or a
chaotic auditory stimulus as RAS with young people and older adults. To quantify these effects,
the stride length, stride width and stride time were calculated, for all strides, as a time series which
were then subjected to a detrended fluctuation analysis in order to determine the scaling exponent
associated with each one of these time series. The results indicated that, only for the older adults,
the gait variability can be manipulated through RAS, with the chaotic auditory stimulus being the
one that induced the most optimal gait variability for all spatio-temporal gait parameters.
Del Olomo et al. analyzed the effects RAS on the spatio-temporal parameters associated with
human gait in PWP, by subjecting 15 patients to a physical rehabilitation programme with RAS
during 4 consecutive weeks. They found that, after the programme, the patients’s coefficents of
variability of the spatio-temporal parameters improved for their most comfortable gait [31]. Velik
et al. analyzed the effects of auditory cues applied at the onset of a FOG in a PWP and concluded
that, if applied after the onset, it would reduce the average duration of the FOG [32].
Performing the analysis of human gait is also relevant for the detection of the motor symptoms
that occur in PWP. Sarbaz et al. performed a spectral analysis of gait in order to assess whether
a person suffers from PD or not [33]. Pastorino et al. developed a method to assess bradykinesia
through the analysis of signals where the PWP, both in the "OFF" and "ON" state, were walking
and extending their arms. To perform this analysis, the signal of each PWP is split into 5 second
sliding windows, with an overlap of 50% (epoch). From these, features were extracted and then
used as an input for the feature classifier. The best performing features were Range and Root Mean
Square and the best performing classifier was a Support Vector Machine. The achieved accuracy
was, on average, [68.3± 8.9]% [34].
2.4 Android Operating System
The Android Operating System (OS) was first introduced to the market in 2008 with Android
1.0, offering integration with Google’s online services(e.g. Gmail, Contacts and Calendar). New
versions of Android OS have rolled out on a regular basis, being the most notable ones version
2.2 (Froyo), which enabled push notifications and provided Adobe Flash support, version 2.3
(Gingerbread), whose new main feature was the support of Near Field Communications (NFC),
version 3.2 (Honeycomb), which introduced multitasking capabilities and support for tablets, and
version 4.0 (Ice Cream Sandwich), which introduced persistent virtual buttons instead of physical
ones and Wi-Fi P2P [35]. Concerning its worldwide presence, the Android OS hold, in 2013 Q3,
79.3% of the market share, an increase of 73.5% compared to the previous year [36]. The latest
release of Android is, at the time of the writing of this document, version 4.4.2 (KitKat).
The core of the Android OS is Linux kernel based and, on top of it, there is the Dalvik Virtual
Machine with its runtime environment, native libraries and services. Applications can be devel-
oped in Java, which will be running in Dalvik Virtual Machines or Java Native Invocation to use
native libraries in the system [37].
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Using native libraries offers better performance for CPU-intensive applications. Google pro-
vides a Software Development Kit (SDK) for developing Java based applications and a Native
Development Kit (NDK) for native code developing in C/C++ [38].
2.4.1 Execution Model
In order to ensure an efficient memory management, each android application runs on a different
Dalvik Virtual Machine. Consequently, it is possible for the Android OS to isolate the processes
running in the device. The Android Java code is compiled into .dex (Dalvik Executable) files
which are, afterwards, compressed into one single .apk (Android Package) file.
2.4.2 Background Processes
Activities are one of the main components in an Android application, providing the user a GUI to
perform a single task(e.g. calendar, view contacts and phone dial) [39]. An application can have
multiple activities connected to each other. All applications have a main activity that is shown to
the user when launching the application, then this activity can start other activities which, in their
turn, might be able to start another activities.
A service runs in the background indefinitely. A service is just like an activity but without
a GUI [40]. Services can be launched by an activity and run in the same process as the activ-
ity that invokes them. It is also possible to create bound services, which allow interaction with
other components in our application, that also enables other applications on the device to use our
application’s functionalities. Services interact with users by sending notifications through Toast
Notifications and Status Bar Notifications.
Broadcast receivers are able to receive and react to broadcast announcements(e.g. SMS re-
ceived, incoming call and low battery) [41], running as an asynchronous process that consumes
less computational resources compared to a service. Each application can have several broadcast
receivers and these are able to start new activities when a notification is received.
2.4.3 OS Data Access
The SDK allows the developer to access virtually all the parameters of the device configuration
and status(e.g. phone information, battery information and usage statistics) [42]. There is the
possibility of controlling the playback of audio streams through the use of the MediaPlayer class
in the Android API [43]. In the case of sensors it is possible to use the SensorManager class to
extract information about them [44]. The coordinate system used in the Android API to represent
the data received from its motion and position sensors is shown in figure 2.3.
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Figure 2.3: Coordinate system used for the representation of the data from the motion and position
sensors defined by the Android’s API. Figure from [45].
2.4.4 Side-loaded Applications
A developer is able to install applications in the device, only needing the path to the AndroidPackage
[46]. This way it is possible to download the package to a predefined directory, installing it after-
wards. Uninstalling and upgrade applications is also a possibility.
2.5 Motion and Position Sensors
In the particular case of smartphones, these are, nowadays, embedded with several kinds of sen-
sors which can be categorized as motion, position and environmental sensors. For the purposes
of this project, the only relevant categories of sensors are the motion and position sensors. It
should be noted that there are hardware-based and software-based sensors, in which the differ-
ence is the fact that software-based ones derive their data from the output of the hardware-based
ones [45]. The hardware-based sensors are typically implemented as Micro-Electro-Mechanical
Systems (MEMS) in smartphones [47]. Figure 2.4 exemplifies an implementation of these type of
sensors in a typical smartphone board.
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Figure 2.4: Implementation of MEMS sensors in a typical smartphone board. Figure from [48].
Motion sensors are used for the measurement of the acceleration forces and rotational forces
along in the three axes of a three dimensional Cartesian coordinate system. Some types of sensors
which are included in this category are accelerometers, gyroscopes, gravity sensors, and rotational
vector sensors, being the first two sensors hardware-based and the remaining ones software-based.
Position sensors are used for the determination of a smartphone’s physical position within the
world’s frame of reference. This is achieved through the measurement of the strength of the local
geomagnetic field.
2.5.1 Accelerometers
Accelerometers measure accelerations, including the gravitational acceleration. They can be used
to measure changes in velocity and position. On a typical smartphone, these type of sensors
are implemented as a three dimensional (3D) axis MEMS accelerometer. The 3D version of ac-
celerometer can be used, for example, to measure inclinations in the cases that the gravitational
acceleration is bigger compared to the other sensed accelerations [49]. Figure 2.5 shows a mod-
elization of a single axis accelerometer.
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Figure 2.5: Modelization of a single axis accelerometer. The distance d is a function of accel-
eration and direction of gravity with respect to the direction of the measured distance. n, a unit
vector, represents the sensitive axis of the sensor. Figure from [49].
2.5.2 Gyroscopes
These type of sensors measure the angular velocity around each axis on a 3D cartesian diagram,
being the rotation that occurs in the axes known as yaw (ψ), pitch (θ ) and roll (φ ). ψ is measured
around the z axis, θ around the x axis and φ around the y axis [50], according to the coordinates
system defined in Figure 2.3. A disadvantage of these kind of sensors is that they are subject to
integration drift [49]. On a typical smartphone these kind of sensors are implemented as a 3D
MEMS gyroscope. Figure 2.6 showcases a modelization of a single axis gyroscope and what
happens if it is rotated.
Figure 2.6: A: Modelization of a single axis gyroscope. B: If the gyroscope is rotated, the mass
vibrates in the direction of the actuation and, also, will suffer a slight displacement in a direction
perpendicular to both the angular velocity vector and the original displacement vector Ract. This
displacement, which is know as the coriolis effect, indicates the angular velocity. Figure from
[49].
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2.5.3 Magnetometers
These type of sensors are used for the measurement of the local earth magnetic field and provide
information about the smartphone’s orientation. They can be used as a stabilizer in the horizontal
plane due to the fact that they can also work as a compass on this plane [51]. A problem associated
with these kind of sensors is the fact that the measurement of the local earth magnetic field is dis-
turbed in the presence of ferromagnetic material and electronic equipment that generates magnetic
fields [49].
2.5.4 Sensor Fusion
It is desirable to combine the three previously mentioned sensors due to the fact that the advantages
of a type of sensor can nullify the disadvantages of another, thus this yields all the benefits and
minimizes the shortcomings of each type of sensor. This combination results in a nine-axis sensor
fusion data, therefore it is possible to achieve improved estimations of the quantities of interest
[49].
To perform this sensor fusion, a Kalman filter can be used due to the fact that it can combine
data from different measurements that can be, also, noisy. A complementary Kalman filter, which
differentiates itself from a typical Kalman filter in that instead of being based on the modelization
of the system, it is based on a model of errors [51] can also be employed. The combination
of these sensors with a system that fuses their incoming data is also known as an Attitude and
Heading Reference System. Figure 2.7 exemplifies a possible sensor fusion algorithm applied to
an accelerometer, a gyroscope and a magnetometer.
Figure 2.7: Example of a 9-axis sensor fusion algorithm. The output data from the gyroscope, ac-
celerometer and compass (magnetometer), when integrated, yields a 6 degrees-of-freedom motion
information. Figure from [47].
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2.6 Current Solutions
During this research, some solutions were found that partially solve the problem which is to be
addressed on this dissertation.
Bächlin et al. developed a wearable system that is composed by a wearable computer, a set
of acceleration sensors (attached to the shank, thigh and a belt) and headphones. It detects when
a FOG has occurred in a PWP and emits a 1 Hz ticking sound until the FOG ends and the PWP
continues walking [52].
Rodger et al. developed a solution which consists in the use of audio cueing, through the
synthesis of movement-based sounds that are generated in real time, with two different methods.
The first one seeks to synthesize gravel-footstep sounds, which are modulated by spatio-temporal
gait parameters. The second one is the sonification, that is, a representation in the form of audio,
of the swing phase through a chromatic glissando of a sine tone for each stride. Preliminary tests
suggested that these methods could be effective in reducing gait variability in PWP [53].
Hove et al. proposed a system with foot sensors and nonlinear oscillators that track and mutu-
ally entrain with the PWP’s step timing. The resulting interactive RAS seeks to restore the natural
1/f fractal scaling, that occurs in the gait of healthy subjects, in PWP. The results showed that
the PWP, when subjected to no stimuli, manifested stride times with low fractal scaling, which
indicates gait impairment. But when the PWP were subjected to the interactive RAS, the fractal
scaling of the stride times returned to 1/f levels, their perceived stability improved and a carryover
effect persisted 5 minutes after the last received stimuli [54].
Casamassima et al. developed an application for smartphones that, with the incoming data re-
ceived from 3 inertial measurement units, one in each foot and one in the lower trunk, calculates in
real-time the spatio-temporal gait measures of PWP during walking movements. This application
outputs auditory cueing, in the form of vocal information to be played in headphones, that informs
the PWP if they are walking close to their specific reference values for their spatio-temporal gait
parameters. Furthermore, this application is also able to monitor when the PWP have an abnormal
forward inclination of their trunk [7].
Samà et al. used a belt-worn triaxial accelerometer in PWP in order to assess the presence of
dyskinesia, through a frequency analysis of the accelerations, and to characterize the motor states
in PWP [55].
"REMPARK", an European wide project supported through the Seventh Framework Programme
(FP7), was established in order to develop a personal health system featuring closed loop detec-
tion, with response and treatment capabilities, for the improved management of PWP. Some of
these response capabilities consist in the use of either auditory or haptic cueing in order to correct,
when necessary, the gait of PWP [56].
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2.7 Summary
Throughout this chapter it was showcased the research that was done in the fields of neurology,
biomechanics, operating systems, and sensor fusion.
Concerning the fields directly related with the study of the human body, in the topic of neurol-
ogy, PD, its symptoms and the use of RAS and other variants for therapeutical and rehabilitational
purposes were analyzed. When it comes to biomechanics, the analysis of the human gait and the
models and parameters involved in it and its relationship with the diagnosis of the motor symptoms
associated with PD was researched.
The Android OS and its respective API were also studied, given that it is the environment
where the application will be developed and, by extension, the motion and position sensors present
in a typical recent Android-based smartphone. Still on the topic of sensors, the fusion of the
incoming data from the accelerometers, gyroscopes, and magnetometers was also analyzed.
Finally, some solutions that partially solve the problem that this dissertation seeks to address
were showcased, where some of them involved machine learning or sound and music computing.
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Chapter 3
Methodology
This chapter describes the methodology employed in the development of this project. As a result
of the analysis of the state of the art in the previous chapter and the constraints in which this project
was developed, the following topics are part of the proposed solution:
• The motion and position sensors used for the analysis of the PWP’s gait are the ones inte-
grated in the smartphone;
• The smartphone is worn in the lower trunk/waist of the PWP, which is a position near to
the COM of the human body, therefore enabling an analysis of the received accelerometry,
from the smartphone, according to some established models, as discussed in section 2.3;
• The detection of steps, the estimation of the step length and other spatio-temporal gait pa-
rameters is done in real-time and the calculation of these parameters, along with their as-
sociated timestamps, is stored in CSV (Comma-Separated Values) files. These are useful
to evaluate the performance of the employed algorithms and to assess the changes in the
PWP’s gait when they are subjected to RAS, as discussed also in section 2.3;
• The diagnosis of symptoms is done in real-time only through the smartphone’s embedded
sensors;
• The use of auditory cueing, through the use of either a metronome, synthesized sounds and
synthesized music in real-time according to the PWP’s current temporal gait parameters, in
order to correct the gait of the PWP.
Of the previously mentioned topics, the most innovative one is the last one due to the fact that,
as far as the study of the state of art allowed to assess, there is no standalone Android applica-
tion which generates synthesized sounds and synthesized music, according to the temporal gait
parameters of the user, in real-time.
The application that was developed is separated in two main modules, the sensor module and
sound module. The sound module works upon the output of the sensor module, so it was necessary
to first develop the sensor module and then the sound module. The work in the first module dealt
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with the fields of sensor fusion and signal processing, while the last one intervened in the field of
sound and music computing. The tools used in the development of each module will be showcased
further down in this chapter.
In the sensor module, the focus is the interpretation of the incoming data from the smartphone’s
motion and position sensors, especially the accelerometry, and to fuse them in order to achieve
better measurements. Later, based on the acquired measurements, spatio-temporal parameters
about the gait of the PWP are estimated and features about it are extracted, which are then used to
perform symptom detection in real-time. This module was tested and validated before proceeding
to the development of the sound module. A port to standard Java of this module was developed, in
order to perform an offline analysis, in a regular computer, of the gathered data from the sensors.
When it comes to the sound module, it works automatically, according to the input information
it receives from the sensor module, in order to correct the PWP’s walking. This functionality does
not start immediately after the activation of the application’s service because it is necessary some
time for the sensor module to detect the PWP’s current symptom and other related parameters that
are used to modulate the sound to be played. When it comes to the sound submodules responsible
for the output of an audio stream, the choice of which one to play will be done by a therapist, nurse
or doctor, assisting a particular PWP, in the application’s settings. This is due to the fact that the
sound-reproducing submodules efficiency might vary in the case of each PWP.
A diagram of the overall architecture of this solution is shown in figure 3.1:
Figure 3.1: Diagram of the overall architecture of the system, note that the patients wear the
smartphone on the waist, which is a position close to the COM of the human body.
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3.1 Development Tools
The tools that were used in the development of this project were mostly focused for the devel-
opment and deployment of the application, with the exception of MATLAB which was used to
analyze the gathered data from the smartphone.
3.1.1 ADT/Android Studio
These IDE (Integrated Development Environments) were used because they are tools, developed
by Google, that provide an extensive working environment in order to develop applications that
make use of the Android API. These also include several functionalities to debug and deploy
applications with ease.
3.1.2 MATLAB
MATLAB is a high-level language and interactive environment for numerical computation, visual-
ization, and programming. MATLAB allows matrix manipulations, plotting of functions and data,
implementation of algorithms, creation of user interfaces, and interfacing with programs written
in other languages, such as C, C++ or Java.
On the context of this dissertation, MATLAB, version R2013b, was used to analyze the in-
coming data from the smartphone’s sensors, especially the accelerometry because the behavior
of these signals, when extracted from a single triaxial accelerometer positioned at the waist of a
person, has been well established [25]. That means it is possible to detect, by analyzing the plot
of these signals, the several phases associated with human gait.
3.1.3 Pure Data
Pure Data is a data flow programming language that can be used to develop, graphically, software
called patches. These patches consist of objects, which can be built-in Pure Data objects, re-usable
patches in Pure Data itself or even objects developed in another programming language [57].
Currently there are projects to port this programming language to all kinds of platforms, in-
cluding Android-based smartphones, being the most famous one the libpd project, which turns
Pure Data into an embeddable audio synthesis library [58]. It is also possible to build Pure Data
externals in order to be embedded in other android applications [59]. This programming language
will be used during the application’s development through the use of a libpd port for Android
called pd-for-android [58].
This tool was used during the development of the Metronome, Sound Synthesis and Music




These were provided by Fraunhofer, after a research was performed in order to choose headphones
with the lowest transmission delay as possible and a decent sound quality. The chosen headphones
were the Outdoor Technology OT1000 Tags.
3.1.5 Android-based Smartphone
The employed smartphone in this thesis was a Google Nexus S, manufactured by Samsung, run-
ning Android version 4.1.2 (Jelly Bean). It has a single-core ARMv7 processor with maximum
frequency of 1 Ghz, 343 MB of system RAM, in which a maximum of 48 MB can be allocated to
a Java Virtual Machine. Concerning the hardware-based motion and position sensors, the Nexus
S possesses the sensors shown in table 3.1.
Table 3.1: Hardware-based motion and position sensors embedded in Nexus S and their respective
specifications. All of these are triaxial sensors.
Sensors Name Vendor Range Resolution Power Sampling Rate
Accelerometer KR3DM STMicroelectronics 19.6133 m/s2 0.019153614 m/s2 0.23 mA 20000 µS
Gyroscope K3G STMicroelectronics 34.906586 rad/s 0.001227305 rad/s 6.1 mA 1190 µS
Magnetometer AK8973 Asahi Kasei Microdevices 2000.0 µT 0.0625 µT 6.8 mA 16667 µS
The data expressed in the previous table was extracted directly from the Nexus S. It is im-
portant to mention that the values for the sampling rate, despite being information embedded in
those sensors, are not actually fixed due to the fact that the sensors only registers a value when it
is changed. The sampling rate also changes according to the specified sampling rate that is used
as a parameter for the method in the Android’s API which allows to register sensors and, then,
to receive values from them. It was found that, for the case of the Nexus S, the specification of
this sampling rate had a very erratic behaviour. Furthermore, the sampling rate also changes very
slightly depending on how many and which sensors are registered. Nevertheless, through the use
of a method which calculates the sampling rate in real-time and with all motion and position sen-
sors registered with a sampling rate of 20000 µS , it was found that the sampling frequencies of
the accelerometer, gyroscope and magnetometer are around, respectively, 48, 107 and 49 Hz. The
sampling frequency of the accelerometer is sufficient to perform gait analysis [26]. These were
the used values throughout the development of this thesis.
3.2 Android Application
The developed application consists in a series of activities and a single service. The activities were
implemented in order to provide an user interface in which to control or activate the sensor and
sound modules and the service is where the sensor and sound module are effectively running in
the application.
Figure 3.2 shows the position in which the Nexus S must be fixed to the body in order to use
the application.




Figure 3.2: Axis orientation when the smartphone is used with a support belt. This is the position
for which the implemented algorithms in the application are adapted to. The axis represented by
the green arrow corresponds to the vertical accelerations, the blue one to the ML accelerations and
the red one to the AP accelerations. The accompanying axis label for each arrow correspond to
the coordinates system used in Android, as previously shown in figure 2.3.
3.2.1 User Interface
The application’s user interface allows the creation of accounts and to log in with different ac-
counts, which can be seen in figure 3.3.
Figure 3.3: Screen flow of the application before entering the main activity. The buttons sur-
rounded by a green square indicate that, if pressed, they lead to the screen immediately to the
right.
After logging in, the user encounters the main activity, which is where the sensor and sound
modules can be controlled. The figure 3.4 shows the main activity, where there is a series of
buttons: The "Start"/"Stop" button allows the application’s service to be activated or deactivated,
the "ACS" (Audio Cueing System) button defines if the sound module is to be activated or not, the
"Gait Learning" button controls the gait learning mode, which is explained in section 3.4 and the
"Close" button is used to log out of the current user account. Figure 3.4 shows the screen flow for
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the "Start"/"Stop" button.
Figure 3.4: Screen flow after the user has logged in the application. The buttons surrounded by a
green square indicate that, if pressed, they lead to the screen immediately to the right. In the last
screen, there’s a notification that appears in case the back press button is used once.
If the user presses the menu button, he has two options to choose from: "Settings" and
"Debug". In the settings screen, the user can define the calibration constant to be used for the
step length estimator (see section 3.3.2.3), the thresholds to be used for the detection of bradyki-
nesia (see section 3.3.2.5), the tempo constant to be used in the sound module and the submodule
to be used (for the last two, see section 3.4). The debug screen shows the current value, in the
three axes, of the Nexus’s accelerometer, gyroscope and magnetometer, the number of steps de-
tected until now, the estimated step length for the last step, the current cadence, the current RMS
calculated by the feature extractor (see section 3.3.2.5) and the "midi" button plays a MIDI sound
file, which was used to assess the transmission delay between the Nexus S and the OT1000 Tags.
Figure 3.5 shows the screen flow for the previously described functionalities.
Figure 3.5: Screen Flow of the options available to the user. The buttons surrounded by a green
square indicate that, if pressed, they lead to the screen immediately to the right.
The main activity also shows the currently detected symptom, the current BPM (Beats Per
Minute) with which the sound module is set and if the sound module is currently playing. Figure
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3.6 shows the output of the main activity according to whether the "ACS" or "Gait Learning"
buttons are turned on or not.
Figure 3.6: Example of values shown in the main activity when the sensor module is activated.
3.2.2 Performance
One of the issues during the development of this application was the matter of performance. Given
the specifications of the Nexus S, it was necessary to optimize several parts of the application.
A considerable part of these were implemented according to the recommendations of Google
concerning this topic [60].
The figures 3.7 and 3.8, which were extracted with a debugging tool for Android called the
Dalvik Debug Monitor Server, show the current CPU load that the application imposes on the
Nexus S, expressed through pie charts and in comparison with the other processes that are running,
both in the cases where the libpd is being used or not. The first pie chart in both of these figures
refer to the CPU consumption before the service is turned on. The second one when the service,
that is, the sensor module has been activated, the third one when the ACS is playing and, finally,
the last one is when the service has been shutdown.
Figure 3.7: CPU load in the Nexus S when the application’s service is activated without libpd. The
process in black and the process in red underneath are the ones in which the application is being
executed.
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Figure 3.8: CPU load in the Nexus S when the service is activated with libpd. The process in light
blue and the process in grey underneath are the ones in which the application is being executed.
It is interesting to note that, while it was expected for the libpd to increase the application’s
load on the CPU by quite a margin, the performance difference, at least according to this metric,
between using libpd or not is negligible.
3.3 Sensor Module
This module consists in two classes, the Sensor Receiver and Sensor Analyzer classes. The first
one creates an interface between the smartphone and the Sensor Analyzer class, while the last one
is where the incoming data from the sensors is analyzed.
The figure 3.9 showcases a block diagram of this module:
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Figure 3.9: Block diagram of the sensor module that shows the processes executed in each class.
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3.3.1 Sensor Receiver
When the application’s service starts, this class first runs a method that checks the available mo-
tion and position sensors in a smartphone and registers those with the least power consumption,
smallest sampling rate and biggest range and resolution. In the Nexus S, the registered sensors are
the ones in table 3.1.
Afterwards, according to the availability of an accelerometer, gyroscope or magnetometer in
the smartphone, a type of attitude data stream is defined. This is a data stream implemented with
the aid of a library developed internally at Fraunhofer AICOS.
This library, which implements a second order Complementary filter in order to fuse the in-
coming data from a smartphone’s motion and position sensors, is used to calculate the orientation
of the smartphone in relation to Earth. This orientation is used to filter sensor data in a particular
direction based, also, in an Earth referential. In the case there is an accelerometer, a gyroscope
and a magnetometer in the smartphone, which is the case of the Nexus S, this library is used in the
following way:
• With the first incoming data from the accelerometer and magnetometer, calculate a direction
cosine matrix, which will then be used to compute the initial quaternion.
• Afterwards, with every new sample incoming from the gyroscope, calculate a direction
cosine matrix with the previously received data from the accelerometer and magnetometer,
use this matrix to create a temporary quaternion used, after a series of operations, to update
the initially calculated quaternion. This procedure is always repeated in order to update the
previously calculated quaternion in the previous iteration.
This library is used, in this application, to obtain the actual vertical accelerations in a PWP,
independently of the orientation of the smartphone. Figure 3.10 showcases a possible case scenario
where this fusion is useful.
Figure 3.10: Calculation of the actual vertical acceleration, indicated by the yellow arrow in the
right figure, that occurs when the smartphone has slightly rotated around the blue arrow, which is
a typical scenario when the smartphone is used in the position indicated in the figure 3.2.
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The user’s settings, that are chosen before the application’s service is started (see section
3.2.1), are retrieved in order for them to be used afterwards.
Every time new measures are sampled by the smartphone’s embedded motion and position
sensors, the associated values in each axis and corresponding timestamp of each sample are in-
serted in data streams, specific for each type of sensor. Then the attitude data stream is updated
with these new values, where the fusion of the incoming data, as explained previously, is done.
Finally, the sensor data streams and attitude data streams are passed to the SensorAnalyzer class
and the raw incoming data from the motion and position sensors, including the values for each
axis and respective timestamp in each sample, are stored into CSV files.
3.3.2 Sensor Analyzer
This class is the most critical one for the application. It is responsible for the detection of steps, cal-
culation of spatio-temporal gait parameters and the detection of bradykinesia. The most important
methods in this class are: Pre-Processing, Step Detector, Step Length Estimator, Gait Measures
Calculator and Feature Extractor. The first three are executed in the application’s main thread,
while the remaining ones are executed in separate ones. The reason is due to the fact that these
last two methods take some time to run, so it is necessary not to block the incoming data from the
sensors in order to avoid the loss of the incoming data from the sensors.
3.3.2.1 Pre-Processing
This method is always executed when a new acceleration sample is measured by the smartphone.
It creates and updates two separate circular buffers in which the vertical, AP and ML accelerations
are stored, where the vertical ones are the ones in relation to the center of the earth (see section
3.3.1). The first circular buffer, which stores 188 samples, is used by the Step Detector and Step
Length Estimator methods, while the second, which stores 256 samples, is used only by the Feature
Extractor method. After at least 5 accelerations samples are acquired by Pre-Processing method,
for every new acceleration, the Step Detector method is always executed. This method is also
responsible for executing the Feature Extractor, every new 128 acceleration samples, after the first
execution has already occurred.
3.3.2.2 Step Detector
This method analyzes the incoming accelerations, with the vertical one compensated as explained
in section 3.3.2.1. In order for a step to be validated as such, it has to pass a series of condi-
tions. But before, the vertical accelerations are processed by a IIR recursive low pass filter with a
smoothing factor (α) set at 0.935 and stored in a buffer. α , for the particular implementation of










In this equation, f s is the sampling frequency of the accelerometer and f c is the desired cut-off
frequency. For this application, f s is set to 50 Hz and f c is set to 0.55 Hz. The value for the cut-off
frequency was initially set at 0.2 Hz, but it was adjusted, experimentally, until the most optimal
value, for step detection, was found.
Next, this buffer is processed by a method that computes a series of statistical measures on the
samples inside the buffer, which are then used to define the following thresholds:
thresholdMaxStep = meanValsStep+(0.085d ∗ stdDevStep) (3.2)
thresholdMinStep = meanValsStep− (0.085d ∗ stdDevStep); (3.3)
where meanValsStep is the mean value of the samples inside the buffer, stdDevStep the
standard deviation of the samples inside the buffer and 0.085 an experimentally adjusted value.
thresholdMaxStep and thresholdMinStep are used later in the Step Detector. Then an index,
defined as indexCheckingNow, is calculated as the length of this buffer minus 3.
Afterwards, the first condition to verify is whether the PWP is currently active or not, that is, if
he is actually walking. In order to do that, thresholds were defined for both the vertical and lateral
accelerations. These thresholds and the action to follow are expressed in the following algorithm:
if MLAcceleration <−0.975 OR MLAcceleration > 0.975 then
if VerticalAcceleration < 8.15 OR VerticalAcceleration > 11.875 then
Proceed to the next condition
end if
end if
The values for the vertical thresholds were initially set to 12.5 and 7.5, but they were adjusted,
experimentally, until the most optimal thresholds were found. The values for the lateral thresh-
olds, which were also adjusted experimentally, are symmetrical because the ML displacement of
a body’s COM during walking is approximately sinusoidal [24].
Figure 3.11 shows the typical acceleration patterns during a walking movement, with the pre-
viously defined thresholds also plotted.
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Figure 3.11: Accelerations during a walking movement with the defined thresholds for the vertical
and lateral accelerations used to assess if a PWP is walking or not. This is an excerpt from the
tests that were performed with the PWP. V = Vertical, ML = Mediolateral, AP = Anteroposterior,
Th = Threshold.
The next condition to verify is done with the previously stored buffer and it checks if the value
stored in the buffer at the previously defined indexCheckingNow is actually a peak, by comparing
the two next and two previous values in the buffer. In case it is a peak, then the next condition is
tested.
Next, if the time difference between this peak and the last detected peak is bigger than 305
milliseconds, then the final condition is checked, where if the value of the buffer at the position
indexCheckingNow is bigger than thresholdMaxStep, then this peak is valid.
If all these conditions are met, a method is executed which checks the actual valid peak
and the last valid peak and calculates the indexes corresponding to the previous step (defined
as PreviousStep) and the current step (defined as CurrentStep) in the original buffer.
Finally, one step is counted and then the Step Length Estimator method is executed. If the
Feature Extractor method was not executed once, it will only be executed in case its associated
buffer, the 256 sample buffer, is full.
3.3.2.3 Step Length Estimator
This method, in case of the first detected step, estimates whether it is a left or right step through
an analysis of the ML accelerations around the value for the vertical acceleration in which the foot
contact occurred. Similarly to the case of the vertical accelerations, there is also a local maximum
or minimum in the ML accelerations in this situation [25]. To determine if it is a left or right
step, the ML accelerations from the instant the first step was detected to until 3 samples back are
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analyzed in order to assess if any of them is positive or negative. In case the Nexus S is positioned
according to figure 3.2, if any of those values are negative, then a left step has occurred. But if
the Nexus S is, mistakenly, positioned with a rotation of 180o around the Z axis, negative values
mean that a right step has occurred. Afterwards, the side of the steps is always the negation of the
previous one (i.e. if the first step was with the right foot, the next one will be the left foot and so
on). Through the analysis of several recordings of accelerations, it was found that the beginning of
a walking movement, especially the first step, allowed the easiest analysis of the ML accelerations.
A representative example of this algorithm can be seen in figure 3.12.
Figure 3.12: Plot of the accelerations in the top figure and of the integrated vertical angular velocity
in the bottom figure at the beginning of a walking movement. The orange line and black arrow
indicate when a step has happened and the black line indicates a zero value. V = Vertical, ML =
Mediolateral, AP = Anteroposterior.
Next, a time window of the vertical accelerations between the current and previous step is
segmented from the 188 sample buffer and then the gravity bias is removed from these vertical
accelerations through the subtraction of the gravitational acceleration in each sample. The used
value of the gravitational acceleration for the previous operation is 9.80665.
Afterwards, for the estimation of the step length, the empirical approach proposed by Scarlett.
J [61] is used. The advantages of this estimator, when the version without the spring correction
factor is used, is that it avoids the need to perform an integration of the accelerations (which avoids
the introduction of drift in these calculations), it does not depend on any parameter in order to be
used and according to Ayub et al. this estimator, when used with a smartphone positioned in the
trouser pocket, yielded a percentage error between the actual step length and estimated step length
3.3 Sensor Module 31
of 3.3% [62]. The formula for this estimator, which returns a result in meters, is:




Where Amax and Amin are, respectively, the maximum and minimum accelerations in the time
window between the previous and current step and N the number of samples in the previously
mentioned time window. Also, k is a calibration constant for this method, which is set by default
to 1, but it should be adjusted, empirically according to each user, in the application’s settings,





The mean step length is calculated throughout the application service’s run time and it does
not include the step length calculated at the first and last steps due to the fact that the estimated
step length at those instances stray too much from the real value.
At the end, the current step’s time stamp, step side, estimated step length and mean estimated
step length is written in a CSV file. Afterwards, the Gait Measures Calculator method is executed.
3.3.2.4 Gait Measures Calculator
This method is used for the calculation of other spatio-temporal gait parameters. This calculation
only begins after 3 steps due to the fact that cadence is only calculated from 4 to 4 steps. The





Where instant i corresponds to the most recent instance and StepTimestamp(i) returns the
step’s time stamp in nanoseconds. For the calculation of the swing time between steps, whose unit
is milliseconds, the following equation is used:
SwingTime = 0.92∗ ((StepTimestamp(i)−StepTimestamp(i−1))∗10−6) (3.7)
where 0.92 corresponds to a constant that has been defined according to information extracted
from an article, where the mean swing phase percentage (defined as the percentage of time between
the toe-off in a foot and the next heel strike with the other foot) of a gait cycle for the left and right
legs of an healthy person , through the use of accelerometers, was found to be respectively of
44.42% and 44.56% [63]. Since the estimation of this parameter is done in a step to step basis,
the previous percentages were multiplied by 2 in order to obtain an equivalent percentage in a
step cycle basis. Afterwards, an average between these two values was performed, which yielded
88.98%. The previous value was rounded up to 90% and taking into account that the swing phase
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percentage is actually a bit higher than this value usually, it was decided to increment this value to
92%.
It was decided to perform the previous approximation for the calculation of the swing time
because, although the behavior of the sampled vertical accelerations from the smartphone usually
allowed to discern the heel strike and toe-off events involved in a step, there were many times
where this distinction is very difficult. Most of these coincided with turns that were done while
walking and with PWP in the "OFF" state, although there was only one single PWP in the "OFF"
state during the tests (see chapter 4). Figures 3.13 and 3.14 showcase this problem.
Figure 3.13: Plot of the accelerations in the top figure and of the integrated vertical angular velocity
in the bottom figure. PWP walking, while in the "OFF" state, showing the influence of turns on
the acceleration patterns. V = Vertical, ML = Mediolateral, AP = Anteroposterior.
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Figure 3.14: Plot of the accelerations in the top figure and of the integrated vertical angular velocity
in the bottom figure. PWP in the "OFF" state walking in a straight line. The vertical accelerations
do not have the typical patterns in a healthy gait and look almost random. V = Vertical, ML =
Mediolateral, AP = Anteroposterior.
3.3.2.5 Feature Extractor
This method, as explained in section 3.3.2, is executed as a separate thread from the application’s
main thread and it operates on the 256 sample buffer maintained in the Pre-Processing method
(see section 3.3.2.1).
This method, originally, was to be used as a part of a machine learning pipeline, along with a
feature classifier. However, due to a lack of a prior extensive and properly labeled dataset where
PWP’s are walking and suffering from motor symptoms, it was not possible to apply machine
learning techniques in this thesis. Also, due to the position where the smartphone is fixed, it was
decided to focus on the detection of bradykinesia.
Therefore, a threshold-based approach towards the detection of bradykinesia, based on the
work of Pastorino et al. [34] was developed. First, a Butterworth high pass no lag filter with a cut-
off frequency of 0.55 Hz is used to eliminate the influence of gravity in the vertical accelerations.
This cut-off frequency was defined through the analysis of the FFT of several sensor recordings
of regular walking movements. Figure 3.15 demonstrates the FFT of one of the analyzed sensor
recordings:
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Figure 3.15: Plot of the FFT of the vertical accelerations during a walking movement of a PWP.
X-axis = frequency, in Hz; Y-axis = module of the amplitude.
When analyzing this plot, it is possible to check almost all influence of gravity in the vertical
is below, approximately, 0.55 Hz.
Then, through the analysis of 256 sample windows, with an overlap of 50% between them, the
RMS (Root Mean Square) of the PWP’s vertical accelerations is extracted. Then, they are stored
in a 4 sample circular buffer, on which it will be computed the mean and the standard deviation of
the stored values in that buffer. The reason for this calculation is that the use of the mean allows
to smoothen out short-term fluctuations of the RMS and the standard deviation allows to assess
the variability around the mean in each buffer. The first diagnosis of bradykinesia is only executed
after 5 to 6 seconds since the first execution of this method, due to the fact that is the minimum
delay in order for the first results for the mean of the RMS buffer and the standard deviation of the
RMS buffer to be computed. The used algorithm for this approach is:






Where RMSMeanT H and RMSStandardDeviationT H are thresholds specific for each user.
These thresholds were found through the matching of the annotated instances where bradykinesia
occurred, according to the physical therapist present, during the sensor module tests with the
patients with the outputted values for RMSMean and RMStandardDeviation in each execution
of the feature extractor. An analysis of the plotted accelerations was also employed in order
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to confirm the occurring instances of this symptom. However, only two patients suffered from
bradykinesia in some instances during the tests, so it was not possible to properly assess this
symptom detection. The defined thresholds for the patients on which it was possible to evaluate
this detection can be seen in section 4.1.2.
3.4 Sound Module
This module consists of 4 submodules, which are the Pedometer, Metronome, Sound Synthesis
and Music Synthesis, being the first one implemented with the aid of a class from the Android’s
API and the last three implemented through Pure Data patches.
There are two mechanisms associated with this module, which are the pace fixing and pace
matching mechanisms. In order to choose which mode to use, it is necessary to modify the ACS
Tempo Constant in the application’s settings. When this constant is set to 0, which is the default
setting whenever a new account is created in the application, this module will work in the pace
matching mechanism, while if the constant is set to a value different from 0, the application will
be working in pace fixing mechanism. In the pace matching mechanism the ACS will try to
follow the walking of PWP during the entire time this module is activated, while in the pace fixing
mechanism the ACS will use the first received parameter, modulated by the ACS Tempo Constant
(e.g. if the BPM to be originally set is 100 and the constant is set to 0.2, the ACS will work at 120
BPM), throughout the entire runtime of this module.
Besides the pedometer, which can work immediately after the activation of the application’s
service, the remaining submodules are only activated about 5 or 6 seconds after the first execu-
tion of the Feature Extractor method due to the fact that is the necessary time delay for the first
assessment of the presence or not of bradykinesia in a PWP to occur.
There is also a mode called gait learning, which allows the ACS to be always working, inde-
pendently of the presence of bradykinesia or not in a PWP. The delays mentioned in the previous
paragraph still apply in this mode.
These submodules, with the exception of the pedometer which depends on the presence of new
steps and of bradykinesia, receive, as parameters, the temporal gait parameters that are calculated
in real time by the sensor module during the application’s run time. But before they are passed to
these submodules, these parameters are processed by a 4 sample moving average filter in order to
smoothen out the short term fluctuations that are associated with these kind of parameters during
walking.
It is also worth mentioning that since this application will be used with a Bluetooth headset,
there will be a transmission delay of the audio stream. This delay is around 250 milliseconds,
which is noticeable if the pedometer submodule is used, but for the remaining ones, this delay is
negligible due to the fact that they depend on parameters that are not updated instantly.
Figure 3.16 shows a block diagram of this module:
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Figure 3.16: Block diagram of the sound module.
3.4.1 Pedometer
This submodule was used in the initial stages of the development of the application in order to
validate the step detector, that is, to output a specific sound when a step was performed with either
the left or right foot. A sound is also outputted when a symptom has been detected. It is not very
interesting in a rehabilitational and therapeutical point of view, so it was not used during the tests
with the PWP, but it is useful in order to aid with the development of the application itself.
The sounds for this submodule were implemented with the aid of the ToneGenerator class
included in the Android’s API, a class that provides methods which allows the playback of tones
typically used for telecommunication signaling. The sounds for the footsteps are the DTMF tones
for the numbers 1, which is a superimposition of two sinusoidal tones at 697 and 1209 Hz, and 9,
which uses tones at 852 and 1477 Hz. These two tones correspond to, respectively, the left and
right foot. The sound used in order to signal the presence of a symptom is a beep, set at 1319 Hz,
that plays 3 times.
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3.4.2 Metronome
For this submodule, the parameter to be received by the patch is the PWP’s walking cadence. The
metronome emits sine wave tones in a 4/4 time signature with an accent in the first beat, expressed
as a tone with an higher frequency compared to the other tones.
An update of the BPM in which this submodule is working only occurs if the absolute differ-
ence between the currently used BPM in the patch and the newly received BPM is equal or bigger
than 15.
The purpose of this submodule is to evaluate what is the effect of a stimuli with a fixed tempo-
ral structure in PWP. During the tests, the patients will be instructed to follow the tones with their
footsteps. Figure 3.17 shows the Pure Data patch used in this submodule:
Figure 3.17: Implementation of the Pure Data patch for the metronome submodule, along with the
messages to be sent to it in order to control it.
3.4.3 Sound Synthesis
In this submodule, the parameter to be received by the patch is the PWP’s swing phase duration
and consists in the sonification of this phase of the human gait. This patch activates a white noise
generator, which is, afterwards, processed by a low-pass filter whose cutoff frequency will increase
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and decrease during the patch’s run time. The speed of the variation of the cutoff frequency
depends on the received swing phase duration, that is, the lower the swing phase duration (which
implies a bigger walking cadence), the faster this variation will be. The result of this behavior
generates a stimuli similar to the sound of waves. In parallel to this white noise there is a sine
wave tone mixed with a square wave tone, played with a much lower volume, which serves as a
guide in case the PWP is not sure how to follow this stimuli.
An update of the speed in which this submodule is working only occurs if the absolute differ-
ence between the currently used swing phase duration in the patch and the newly received swing
phase duration is equal or bigger than 75 milliseconds.
The purpose of this submodule is to evaluate what is the effect of the sonification of one of the
phases of the human gait in PWP, as what was done in [53]. During the tests, the patients will be
instructed to follow the variation in the sound with the swinging of their legs. Figure 3.18 shows
the Pure Data patch used in this submodule:
Figure 3.18: Implementation of the Pure Data patch for the sound synthesis submodule, along
with the message to be sent to it in order to control it
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3.4.4 Music Synthesis
Concerning this submodule, the parameter to be received is, like the metronome submodule, the
PWP’s walking cadence. This patch, which was based in an existing patch named "wolframdrums"
developed by Martin Brinkmann [64], consists in the generation of real-time algorithmic music,
using as a basis a cellular automaton which will be activating 8 separate FM oscillators, being the
frequencies of these oscillators the ones corresponding the notes of a C Major chord with an added
sixth. The 4 lowest notes (C3, G4 and C5) are played in both sides of the headphones while the 4
highest notes (E5, A5, C6 and E6) are played in different sides (E5 and C6 are played in the left
side while the A5 and E6 are played in the right side).
An update of the BPM in which this submodule is working only occurs if, just like the
metronome submodule, the absolute difference between the currently used BPM in the patch and
the newly received BPM is equal or bigger than 15.
The purpose of this submodule is to evaluate what is the effect of chaotic auditory stimuli in
PWP, which was previously done in [30]. For the tests, the patients will be instructed to continue
to walk normally during the activation of this submodule. Figure 3.19 shows the Pure Data patch
used in this submodule:
Figure 3.19: Implementation of the Pure Data patch for the music synthesis submodule, along
with the message to be sent to it in order to control it
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3.5 Test Protocols and Dataset Collection
The application was tested during two stages of tests with the PWP. The first phase took place
after the development of the sensor module and the second one after the development of the sound
module. Galna et al., while pursuing a protocol in order to assess gait variability in older adults
and PWP, they recommended tests that involve continuous walking with no less than 30 steps [65].
As such, the defined tasks have taken into account this information.
All the tests, and simultaneous dataset collection, were performed in Oporto and Lisbon. In
Oporto, these took place in a gym, with the aid of a physical therapist. In Lisbon, these took place
in the local delegation of the Associação Portuguesa de Doentes de Parkinson, also with the aid of
a physical therapist. The material used for the deployment of the application can be seen in figure
3.20.
Figure 3.20: Material used for the deployment of the application during the two stages of the
tests. From left to right, belt used to support the smartphone, a Nexus S smartphone and Outdoor
Technology OT1000 Tags Bluetooth headphones.
3.5.1 Test Protocols
Different test protocols were devised for the sensor and sound modules. For the sensor module,
it was important to define tasks that would evaluate the performance of this module for different
paces in order to perform the assessment of the sensor module with a larger variability of signals.
Therefore, the tasks were conducted at three slightly different paces: the most comfortable pace
for each subject (defined as the baseline), a slightly slower pace relative to the baseline and a
slightly faster pace compared to the baseline.
For the sensor module testing, the following questions were asked to each PWP right before
the tests:
• The PWP’s basic information, such as their gender, age, height and weight. This information
will be self-reported by each subject.
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• If the PWP has taken their dopaminergic medication during that day, and, if so, at what time
and in which time do they have to take their next dose. This was done in order to assess if
their current motor state was either "ON" or "OFF".
• If they usually experience bradykinesia while they are walking.
• In case there was additional information that would be relevant and useful for the posterior
analysis, it was registered.
For these tests, the following tasks were performed by the PWP:
• To walk around in the pre-defined walking circuit at their most comfortable cadence.
• To walk around in the pre-defined walking circuit at a cadence slightly lower than their most
comfortable one.
• To walk around in the pre-defined walking circuit at a cadence slightly higher than their
most comfortable one.
• In the case of the PWP that acknowledged that they usually experience bradykinesia or
bradykinesia has occurred in the previous tasks, they were asked to walk around in the
pre-defined walking circuit until this symptom manifested.
During all of these tasks, except the last one, the total walking time (which is the elapsed time
between the first and last step), walking distance, number of steps and with which foot the first step
was done were registered. For the last task, which was only performed for the PWP that usually
suffer from bradykinesia, the time instances when this symptom occurred were annotated. These
annotations were essential in order to evaluate the accuracy of this module, whose results will be
shown in section 4.1.1.
For the sound module testing, the same questions from the sensor module testing were asked
to each PWP right before the tests. But in addition, it was asked of the PWP to grade, in a scale
from 0 to 10, his walking ability. The same question was done to their accompanying physical
therapist.
Concerning the tasks to be performed, these were the following:
• To walk around in the pre-defined walking circuit at their most confortable cadence, with
the ACS deactivated.
• To perform the previous task, but now with the ACS activated, with the pace-matching
mechanism and gait learning mode activated. This task was repeated 3 times, each for the
metronome, sound synthesis and music synthesis submodules. The order in which these
submodules were tested was random in every PWP and instructions on how to follow the
stimuli was given to the PWP in order to guarantee that they would follow the stimuli [21].
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• To repeat the first task again, in order to evaluate the carry-over effects of the auditory
stimuli.
During all of these tasks the total walking time, walking distance and number of steps and with
which foot the first step occurred were registered.
At the end of every test, the PWP, and his accompanying physical therapist, had to answer a
questionnaire with the following questions:
• Which submodules improved their (the patient’s) walking.
• Of those that improved their (the patient’s) walking, which one improved the most.
• If they noticed improvements in their (the patient’s) walking.
• How would they grade their (the patient’s) walking ability, in a scale from 0 to 10, after all
these tasks.
• It was asked, only with the patients, if they would use a solution like this in their daily
life and if they had suggestions on improvements and possible things to be added to this
solution. In case of the physical therapist, their feedback regarding the developed solution
was collected after all the tests were performed.
3.5.2 Dataset Collection
A dataset was gathered during both stages of the tests with the PWP. To gather this data, a Nexus S
and a video camera were used to record during the tests, respectively, the incoming raw data from
the sensors and video recordings of each task. Afterwards, the analysis of the acquired sensor data
was performed with MATLAB and a port to standard Java of the application’s sensor module (this
port was done in order to do an offline execution of the application’s sensor module in a regular
computer).
The video recordings, which were only acquired in the second stage of tests, were used to
register the number of steps, which foot performed the first step, the walked distance and the
total time during each task with each PWP. Also, these recordings were used to confirm when the




This chapter details the tests performed with PWP in order to evaluate the performance of the
application’s sensor and sound modules. These tests took place in two different stages during the
development of this thesis.
The first stage of tests took place in Oporto and it was done in order to assess the performance
of the sensor module. The second one took place both in Lisbon and in Oporto (with the same
patients as the first stage) and it was done mainly to assess the effects of the ACS. However, it
was also possible to assess the performance of the sensor module with the gathered data from the
PWP in Lisbon, so the total tests for the sensor module involve 10 different subjects. The acquired
information about each patient, which was defined in section 3.5.1, is expressed in table 4.1:
Table 4.1: Information about the patients, retrieved during the tests. SD stands for standard devia-
tion. All the motor states applied to both stages of the tests. Patient P3 progressed from the "OFF"
state to the "ON" state during the tasks in both stages.
Patient Gender Age Height (cm) Weight (kg) Motor State Usually has Bradykinesia?
P1 Male 70 170 72 ON No
P2 Male 70 173 73 ON No
P3 Male 63 170 70 Initially OFF Yes
P4 Male 50 180 108 ON Yes
P5 Male 72 167 72 ON Yes
P6 Male 60 165 88 ON Yes
P7 Male 73 164 75 ON Yes
P8 Male 69 164 59 ON Yes
P9 Male 63 168 83 ON No
P10 Male 51 167 56 ON No
Mean: 64.1 168.8 75.6
SD: 8.33 4.87 14.84
Concerning the first stage of tests, the length of the defined walking circuit was measured
with a measuring tape and, from there, the walked distance during each task was calculated. The
number of steps, the side of the first step and total walking time were also annotated, through
counting the number of steps during each test and using a stopwatch to calculate the total walking
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time. These annotated values were used as the real values during the evaluation of the sensor
module.
During the second stage of tests, a video camera was provided, so the annotations previously
mentioned were extracted from the analysis of all video recordings. However, the length of the
defined walking circuit was only measured in Lisbon. Although the walking circuit in Oporto for
the second stage was almost the same as during the first stage, in order to find a position where the
video camera could record properly every step, the straight line parts of the walking circuit had
to be shortened (this adjustment is indicated by the red arrow in figure 4.2). Since the previously
mentioned adjustment was not measured, no spatial gait parameters were possible to be analyzed
during these particular tests in Oporto. Regardless, the values extracted from the analysis of the
video recordings were assumed to be the real values during the evaluation of the sensor and sound
modules.
All of these tests, which were done during the PWP’s physical therapy appointments, were
subjected to temporal and material restrictions. As a consequence, there is quite a variability of
the total time the tasks lasted. Also, due to the less than ideal conditions of the locations in which
these tests were performed, the defined walking circuits had to have turns in them. The walking
circuit in Lisbon, which can be seen in figure 4.1, had especially sharp turns which, as expected
through the literature review that was performed [25, 27], impacted the performance of the sensor
module and, therefore, the sound module. Furthermore these tests, especially the ones performed
during the second stage in Lisbon, were sometimes influenced by the unpredictable interference
by the physical therapists in the PWP’s and other distractions in the patients which might have
influenced the results, especially the ones concerning the effects of the ACS. As described in
section 5.1, better material conditions and stricter tests protocols, in order to mitigate external
interference and variables, are necessary so that a more accurate evaluation of the effects of the
ACS can be performed.
Concerning the analysis of data, after all the tests, all the sensor data and video recordings had
to be labeled according to the corresponding task and patients. Afterwards, a parsing of the data,
both from the sensor data and video recordings, had to be performed due to the fact that quite a
few events during the tasks which directly influenced the proper analysis of data happened. Some
of them were: PWP straying too much from the defined walking circuits, PWP suddenly stopping
in the middle of a task, PWP starting to walk before he was instructed to do so and others. To
perform this parsing, it was necessary to match the video data with the sensor data (when video
data was available), which had to be done step by step in some cases, in order to remove the
affected data. In the case of the absence of video data, the parsing of sensor data consisted in
eliminating the samples in which the patient’s were not clearly walking, through an analysis of the
sampled accelerations. After all this parsing and, based on the annotations from the first stage and
the video recordings from the second stage of tests, a total of 7384 steps, which corresponds to 66
minutes of sensor and video data, was collected and analyzed.
The walking circuits, used during the tests, were defined at the time due to the fact that there
was no previous knowledge of the material conditions of the locations in which these tests were to
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occur. In figures 4.1 and 4.2, the defined walking circuits can be seen. The green lines represent
the delimited walking area, the blue ones the walking direction and the yellow one the starting and
ending point for each task:
Figure 4.1: Walking circuit used during the tests in Lisbon.
Figure 4.2: Walking circuit used during the tests in Oporto.
4.1 Results
With these tests and the acquired data in them, it was possible to assess the accuracy of the estima-
tors used for the spatio-temporal gait parameters. For the detection of bradykinesia, due to the fact
that there was only some instances in two patients for which this could tested, it is not possible
to reach conclusions concerning this detection. Given the amount of data that was gathered, the
diverse experimental conditions during all the tests and time constraints, a thorough analysis of
the sound module was not possible. This is a possible future work to be done, as mentioned in
section 5.1.
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4.1.1 Spatio Temporal Gait Parameters
In order to assess the estimation of these parameters, the obtained data from the patients in the
first stage of tests and the patients in Lisbon in the second stage of tests were used. The calculated
tables for one of the patients will be showcased and then the table with the final results for the
estimation of these parameters will be shown. Table 4.2 showcases the statistics for patient P1,
which were calculated also for the remaining patients:
Table 4.2: Statistics for the following tasks performed with patient P1.
P1 baseline slower faster
Real Number of Steps 78 85 72
Estimated Number of Steps 78 85 70
Real Distance (m) 52.04 52.04 52.04
Estimated Distance (m) 49.88 49.24 48.62
Real Total time (secs) 38.7 44 34.3
Estimated Total time (secs) 38.09 42.77 31.16
Real Mean Step Length (m) 0.667 0.612 0.723
Estimated Mean Step Length (m) 0.639 0.579 0.695
Real Mean Cadence (steps/min) 121 116 126
Estimated Mean Cadence (steps/min) 120 116 128
Real Speed (m/s) 1.34 1.18 1.52
Estimated Mean Speed (m/s) 1.31 1.15 1.56
Real side of (detected) first step Right Right Right
Estimated side of (detected) first step Right Right Right
It should be noted the estimated mean speed is not actually implemented in the application
and that the estimated total time is the difference of the timestamps between the last and first step.
Table 4.3 showcases the performance of the estimators in patient P1. This assessment was also
done for all the remaining patients:
Table 4.3: Performance of each estimator for the tasks done by patient P1. MAPE = Mean Absolute
Percentage Error, RMSE = Root Mean Square Error, w/o K = Without calibration, w/K = with
calibration.
Estimators MAPE (%) RMSE
Number of Steps 0.93% 1.15
Mean Step Length w/o K 4.48% 0.030
Mean Step Length w/ K 0.63% 0.004
Mean Cadence 0.83% 1.30
The calibration constant K, for all PWP, was set as being the average of the calibration con-
stants for each performed task in each patient. Table 4.4 shows the overall performance of the
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spatio temporal gait parameter estimation, including step detection, for all patients. It should be
noted that in these final results, the data about patient P3 when he was in the "ON" state was not
used:
Table 4.4: Overall performance of the estimation of spatio temporal gait parameters, including
step detection, for all 10 patients. MAPE = Mean Absolute Percentage Error, RMSE = Root Mean
Square Error, SLE w/o K = Step Length Estimator without calibration, SLE w/ k = Step Length
Estimator with calibration.
Sensor Module Results MAPE RMSE
Step Detector 1.85% 2.48
SLE w/o K 24.10% 0.116
SLE w/ K 5.26% 0.025
Mean Cadence 3.50% 4.42
One of the most revealing insights from this table is that the calibration of the implemented
step length estimator decreases its mean absolute percentage error by almost 20%.
Concerning the discrimination of the side of the first step, it was generally accurate. But the
worst case for this was for the patient P3 during the "OFF" state, where in only one task the
estimated step side was correct, which is consistent with the overall distortion in the acceleration
patterns evidenced in figure 3.14.
4.1.2 Bradykinesia Detection
Due to the fact that only two patients suffered from bradykinesia during the tests, it is not possible
to be conclusive about the performance of this method. However, the results for the affected
patients are shown.
During the test with P3, who progressed gradually from "OFF" to "ON" from task to task,
the physical therapist indicated that bradykinesia occurred in all tasks, except in the task where
the patient had transitioned to an "ON" state. Because the patient transitioned to an "ON" state
and due to a lack of time, the last task defined according to the test protocols (see section 3.5.1)
was not done. Taking into account the temporal instances in which bradykinesia was annotated,
the RMSMeanT H was set to 2.0 and RMSStandardDeviationT H was set to 0.3. Afterwards, the
Feature Extractor method was tested and for the real time instances of "10:25:00", "10:27:33" and
"10:30:00" where bradykinesia started, the estimated time instances were, respectively, "10:24:57",
"10:27:35" and "10:30:05".
For the test with P4, bradykinesia appeared in the first task, so the last task defined in the
test protocols (see section 3.5.1) was performed. However, during this task the PWP did not
follow the pre-defined walking circuit and the physical therapist tried to induce bradykinesia on
him by making the PWP do several turns while walking. Which means that, even if bradykinesia
has actually occurred, it is difficult to disassociate this symptom’s impact on the PWP’s vertical
accelerations from the walking in curves effect on the PWP’s vertical accelerations, whose effects
of this last one can be seen in figure 3.13.
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4.1.3 Sound Module
During all the tests for the sound module, as mentioned in section 3.5.1, the pace-matching mech-
anism was set and the gait learning mode was on. The used submodules were the Metronome,
Sound Synthesis and Music Synthesis.
Different submodules had different effects in all patients. But some patterns have emerged:
The patients usually walked faster with the sound synthesis and walked slower with the music
synthesis. Most of them felt that the sound synthesis, due to its characteristics, propelled them to
walk faster. A question that should be assessed in the future is whether if this is actually due to the
sound itself or if due to the associated instruction indicated to the PWP (see section 3.4.3).
A seemingly surprising result was the fact that the auditory stimuli actually worsened the
gait of patient P3 while he was in the "OFF" state. However this was most likely due to the
wrong detection of steps, which directly influence the calculation of the cadence or the swing time
duration which are used as inputs for the sound submodules.
The following figures, extracted from tests with patient P10, show when the ACS was activated
in each one of the sound submodules and the evolution of the parameters used as an input in them:
Figure 4.3: Plot of the accelerations in the top figure and of the integrated vertical angular velocity
in the bottom figure. The black line indicates the instance where the metronome was activated. V
= Vertical, ML = Mediolateral, AP = Anteroposterior.
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Figure 4.4: Chart showing the evolution of the cadence of the PWP in comparison with the cadence
played by the metronome since its activation. Y-axis = steps per minute; X-axis = steps; Blue =
Cadence at which the sound module was playing; Red = Cadence at which the PWP was walking.
Figure 4.5: Plot of the accelerations in the top figure and of the integrated vertical angular velocity
in the bottom figure. The black line indicates the instance where the music synthesis was activated.
V = Vertical, ML = Mediolateral, AP = Anteroposterior.
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Figure 4.6: Chart showing the evolution of the cadence of the PWP in comparison with the cadence
played by the music synthesis submodule, since its activation. Y-axis = steps per minute; X-axis
= steps; Blue = Cadence at which the sound module was playing; Red = Cadence at which the
PWP was walking.
Figure 4.7: Plot of the accelerations in the top figure and of the integrated vertical angular velocity
in the bottom figure. The black line indicates the instance where the sound synthesis submodule
was activated. V = Vertical, ML = Mediolateral, AP = Anteroposterior.
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Figure 4.8: Chart showing the evolution of the swing time duration of the PWP in comparison
with the swing time duration used by the sound synthesis submodule, since its activation. Y-axis
= milliseconds; X-axis = steps; Blue = Mean swing time duration with which the sound module
was playing; Red = Mean swing time duration of the PWP’s walking.
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Chapter 5
Conclusions and Future Work
This dissertation’s purpose was the deployment of an application in a smartphone with the pur-
pose of providing to PWP auditory cues in order to correct or enhance their gait based on the
information received by the smartphone’s embedded sensors.
The analysis of gait and the detection of the motor symptoms of a PWP are challenging prob-
lems, especially if they are to be done through the use of the motion and position sensors embedded
in a smartphone, even if the measured values are improved through the use of sensor fusion. In the
scope of this project, the step detector and step length estimator, when calibrated, have achieved
good results.
Different types of auditory stimuli were implemented in the application, in order to assess
which ones are more desirable for the rehabilitation of gait. Though there were no definitive
conclusions concerning their effect in the PWP’s gait, the effect of these cues, particularly of the
sound synthesis and music synthesis submodules, merit a deeper investigation.
5.1 Future Work
This project could be continued, developed and enhanced further in several ways:
• Using the collected dataset to continue to investigate the effect that the different types of
auditory stimuli had on the PWP.
• With the dataset that has been acquired during the tests, a Support Vector Machine could be
employed in order to detect the presence of bradykinesia or not.
• Expand the acquired dataset with more instances of PWP’s suffering from bradykinesia or
even other symptoms in order to expand the diagnosis of symptoms.
• Implement a new method for the estimation of the step length that works well for all types
of subjects, especially PWP’s that are in the "OFF" state.
• Investigate the feasibility of using gyroscopes, positioned in the waist, in gait analysis.
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• Perform longer tasks, so that a detrended fluctuation analysis could be performed in the
spatio-temporal gait parameters, as described in [30].
• Implement a music recommendation submodule, which uses as an input the PWP’s walking
cadence.
• Extend the application in order to use sensors outside the smartphone in addition to the
sensors embedded in the smartphone itself.
• Enable the users to position the smartphone in other positions besides their waist.
• In order to better evaluate the performance of the application’s modules, perform more
rigorous tests with stricter protocols and in environments with better conditions.
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